Stocks of German renewable energy companies have commonly been regarded as lucrative investment opportunities. Their innovative line of business initially seemed to promise considerable future earnings. As shown by two powerful bubble tests, the positive sentiment for renewable energy stocks even led to explosive price behavior in the mid2000s. However, intense sector competition and the economic downturn following the global financial crisis erased profit margins to a large extent. As a result, the former fad stocks have recently turned into losers, loading negatively on price momentum and delivering significantly negative Carhart (1997) four-factor alphas. The radical shift in Germany's energy policy following the Fukushima nuclear disaster in Japan could thus only temporarily halt the continuing decline in alternative energy stock prices.
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Introduction
The rapid expansion of renewable energies in recent years has made the sector one of the most promising industries and has attracted the attention of a growing number of investors. The further development and promotion of renewable energy technologies is also crucial to dampening the economic effect of dwindling fossil fuel resources and to reducing carbon dioxide emissions that substantially contribute to global warming (Leggett and Ball, 2012) .
According to Bloomberg New Energy
Similarly, renewable energy sources already play a decisive role in achieving the European Union's 2020 climate targets. Among others, the EU-27 member states have committed themselves to raising the share of renewable energy in overall energy consumption to 20% by 2020 (Klessmann et al., 2011; Eskeland et al., 2012) .
In view of the sector's growing importance, the primary goal of this paper is to assess Following the Fukushima nuclear accident in March 2011, Germany decided to permanently shut down eight of its oldest nuclear power plants, while the remaining nine reactors will go offline by 2022 at the latest. The unprecedented decision to accelerate the nuclear power phase-out in Germany was entirely unexpected because in October 2010, the German Federal Government successfully passed an amendment to the Atomic Energy Act that even delayed the original phase-out strategy of June 2000. The amendment extended the lifetimes of the country's nuclear power plants for another eight to fourteen years (Betzer et al., 2011; BMU, 2011; Nestle, 2012) , but was repealed again in light of the Fukushima nuclear disaster.
Given the increased public awareness of the potential risks of nuclear energy and climate change, Germany set ambitious goals to foster the development of a sustainable energy system. In 2010, the share of renewable energy sources in total energy consumption amounted to 11.3%, whereas the contribution to electricity generation was slightly higher at around 17.1% (BMU, 2011) . By 2050, the German Federal Government even intends to cover at least 60% of total energy consumption and at least 80% of electricity consumption through the use of renewable energy sources (BMU, 2011) . As a result, the growth prospects for German alternative energy companies may appear bright at first glance.
However, fierce competition from Chinese manufacturers has increased the pressure on the industry, in particular on solar companies. The excess supply of solar panels from China, overcapacity and declining module prices have taken their toll on the solar industry's profitability. The strong decline in solar module prices began in the third quarter of 2008, 3 amidst the global financial and economic crisis. According to Bloomberg New Energy Finance, a research provider that regularly collects market data from a variety of sources, prices for crystalline silicon modules ranged from US$3 to US$4. 13 (Phillips et al., 2011 (Phillips et al., , 2012 and the Markov regime-switching ADF test (Funke et al., 1994; Hall et al., 1999) . These two powerful unit root tests indeed find explosive behavior in the real price time series of the ÖkoDAX and the DAXsubsector Renewable Energies during the second half of the 2000s and thus corroborate our conjecture.
The paper proceeds as follows. Section 2 provides a short review of the existing literature on renewable energy stocks. In Section 3, we explain the research methodology employed for performance measurement and bubble detection, while Section 4 describes our data. In Section 5, we present our empirical results. Section 6 summarizes our main findings and finishes with concluding remarks.
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Literature Review
The extant literature on the performance and price behavior of renewable energy stocks is still relatively scant. Henriques and Sadorsky (2008) Two very recent studies investigate the impact of the Fukushima nuclear disaster in Japan on nuclear and alternative energy stocks. Ferstl et al. (2012) conduct an event study for the time of the nuclear accident and find that nuclear energy companies in France, Germany and Japan earn significantly negative cumulative abnormal returns, while alternative energy companies in the same countries show a positive abnormal performance during the event window. With the exception of Japan, the market adjusts rather quickly to the news of the devastating nuclear accident, indicating some degree of market efficiency.
By contrast, U.S. nuclear and alternative energy companies do not seem to be significantly affected by the event. Similarly, Betzer et al. (2011) investigate the unique and unexpected reaction of the German Federal Government to the Fukushima nuclear disaster that included the temporary shutdown of almost half of the nation's nuclear power plants. The authors report that German renewable energy stocks gained nearly 18% on a beta-adjusted basis over the first 20 trading days after the incident, while the German nuclear and conventional energy sector lost about 3.5% over the same period.
Methodology
Multi-factor performance measurement
The aforementioned literature identified some variables that influence the returns of renewable energy stocks. However, the performance has not yet been studied extensively from an investor's perspective by attributing the returns to commonly used benchmark factors. We therefore employ Carhart's (1997) four-factor model to adjust monthly excess returns for exposures to the market, size, book-to-market and momentum factor. The performance attribution allows us to investigate whether the return behavior of renewable 7 energy stocks resembles that of known factor-mimicking portfolios and whether renewable energy stocks earn significant abnormal returns. The Carhart (1997) four-factor model is estimated via ordinary least squares (OLS) and reads as follows:
− , is the index excess return over the risk-free rate in month t. The unconditional
Carhart alpha represents the return in excess of the reward for the exposure to the four factors. Market denotes the value-weighted market portfolio return of month t in excess of the risk-free rate. The return difference between small-cap stocks and large-cap stocks is denoted by SMB, while HML represents the return difference between high book-to-market equity stocks and low book-to-market equity stocks. The prior one-year price momentum factor PR1YR captures the return spread between a portfolio of past winner stocks and a portfolio of past loser stocks. The error term is denoted by ~ (0, 2 ).
Given the rather risky and uncertain nature of the renewable energy business, it is not unlikely that factor exposures may change over time instead of being constant throughout the sample period. We address this issue by allowing for time-variation in the Carhart alpha and beta coefficients. We therefore express the Carhart (1997) four-factor model in statespace form and apply the Kalman filter to estimate time-varying coefficients:
The time-varying coefficients are assumed to evolve according to a pure random walk and are denoted by and , with = 1, …, 4. , represents the four factors of equation (1).
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The normally distributed error terms , and are serially uncorrelated with zero mean, variance 2 , 2 and diagonal covariance matrix , respectively.
Equation (2) is called the measurement equation, while equations (3) and (4) (1) by using only the observations from the first 36 months. Empirical applications of the Kalman filter in multi-factor performance models can be found, amongst others, in Swinkels and van der Sluis (2006), Mamaysky et al. (2008) and Bauer et al. (2009) .
Sup ADF test
Our bubble detection tests are based on methods that only require price time series. We employ two powerful variants of the commonly known ADF test, which examine a possible regime switch from a random walk to an explosive autoregressive process.
The first of these unit root tests, the sup ADF test, was originally proposed by Phillips et al. (2011) and recently extended by Phillips et al. (2012) to account for the case of multiple collapsing bubble episodes. Extensive simulations conducted by Phillips et al. (2011 Phillips et al. ( , 2012 as well as Homm and Breitung (2012) indicate that the sup ADF test has substantial power to detect speculative bubbles. Despite its very recent introduction, economic applications of the sup ADF test are not limited to bubble phenomena on stock exchanges, but also cover price booms in commodity and housing markets (Phillips and Yu, 2011; Homm and Breitung, 2012 
where ∆ stands for the first difference operator, , and with = 1, …, denote the regression coefficients and represents the normally distributed error term. 2 In order to ensure that the error terms are serially uncorrelated, we apply the general-to-specific approach (Campbell and Perron, 1991) . The optimal lag length is determined by starting with the integer part of = 1/4 and then reducing the model until the last lagged difference term has a statistically significant influence at the 5% level in each recursive regression.
For the unit root test under the null hypothesis H 0 : = 0 against the right-tailed alternative 
where ( ) = log(log( )) /100 with ∈ ( 0 , 1) is the right-tailed critical value of and corresponds to a significance level of slightly less than 5%. The sup ADF test is applied to the daily and weekly price time series of the renewable energy stock indices, deflated by the German Consumer Price Index (CPI). 3 The inflation adjustment is carried out to remove the effect of changes in consumer prices on stock price levels.
Markov regime-switching ADF test
The aforementioned sup ADF test is related to the similarly powerful Markov regimeswitching ADF test, which was originally proposed by Funke et al. (1994) and Hall et al. (1999) . While the sup ADF procedure allows calculating the origination and conclusion dates of explosive price behavior, the Markov regime-switching ADF approach leads to probabilities of being in the possible bubble and non-bubble regime, respectively. Put differently, if speculative bubbles exist, the Markov regime-switching ADF test should be able to distinguish between a moderately evolving regime on the one hand and an explosive and subsequently collapsing regime on the other hand. An important difference between the two techniques is that the sup ADF test does not specify the mechanism for switching to explosiveness, whereas the Markov regime-switching ADF test selects the regime at date t with a transition probability that depends on the regime the process was in at date t-1.
According to Phillips et al. (2011) , it is reasonable to believe that the p-value of the righttailed sup ADF test is negatively related to the probability of being in the possible bubble regime in the Markov regime-switching ADF model.
The first-order Markov regime-switching ADF equation reads as follows:
where = (0, 1) is the unobserved stochastic regime variable that follows a first-order
Markov process with constant transition probabilities, ≡ ( , , , ) with = 1, …, are the regression coefficients, and represents the normally distributed error term. 4 If we are able to distinguish between a bubble and a non-bubble regime, we will obtain one , which is statistically significantly greater than zero (i.e., this regime is explosive and then collapsing), and another , which is not significantly greater than zero (i.e., this regime is either stationary or contains a unit root). Since the probability of regime depends on the past only through the value of the most recent regime −1 , the transition probabilities are defined as 00 = Prob( = 0 | −1 = 0) and 11 = Prob( = 1 | −1 = 1).
Finally, we collect all unknown parameters in the vector ≡ ( , 2 , , ) and estimate via the expectation-maximization (EM) algorithm (Hamilton, 1994; Kim and Nelson, 1999) .
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Data and Descriptive Statistics
Our sample is based on two widely followed German renewable energy stock indices, the [ Figures 1 and 2 about here]
For the monthly market return in the Carhart (1997) four-factor model, we use the valueweighted CDAX, which is a total return index covering the broad German equity market.
The risk-free rate is proxied by the one-month EURIBOR. We calculate the monthly factormimicking portfolios SMB, HML and PR1YR by using all active and dead German stocks listed on the Frankfurt Stock Exchange during the sample period, provided that return and balance sheet data are available on Thomson Reuters Datastream and Worldscope. The factors are constructed as described in Fama and French (1993) and Carhart (1997) . [ Table I about here] 6 We closely follow the screening procedures suggested by Schmidt et al. (2011) to ensure data quality.
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Empirical Results
Performance analysis
We investigate the multi-factor performance of the two renewable energy stock indices for both the full sample period from 2004 to 2011 and two subperiods of equal length. Table II reports the regression results of the Carhart (1997) four-factor model in equation (1). For the full sample period in Panel A, the ÖkoDAX earns a negative mean excess return over the one-month interbank rate, whereas the DAXsubsector Renewable Energies delivers a slightly positive mean excess return. However, since both excess returns are statistically insignificant, investors would not have been much worse off if they had simply invested in the money market. Similarly, the Carhart alphas are also statistically indistinguishable from zero, indicating that the two renewable energy stock indices were not able to generate abnormal returns in excess of the returns earned by the systematic benchmark factors.
Consistent with prior literature on U.S. alternative energy stocks (Henriques and Sadorsky, 2008; Sadorsky, 2012b) , the German counterparts also have market betas of about two and are thus twice as risky as the general market. Besides, they load heavily on the size factor SMB, which reflects their relatively small firm size in terms of market capitalization. Given the negative size premium earned in Germany during the sample period (see Table I ), this pronounced sensitivity contributes negatively to the systematic excess return component. The latter is negative, albeit not significant, for both stock indices. Not surprisingly, the coefficient on the value factor HML is negative, indicating that the returns of renewable energy stocks have more in common with the returns of growth stocks. In addition, renewable energy stocks appear to be unexposed to the price momentum factor PR1YR, at least on average for the entire sample period. It is worth mentioning that the return behavior of renewable energy stocks contains a substantial 15 idiosyncratic component, since the four-factor model explains no more than 50% of the return variation, as indicated by the adjusted R 2 .
[ Table II about The performance reversal suggests some time-variation in the coefficients of the Carhart (1997) four-factor model. We therefore compute time-varying alphas and factor exposures using the Kalman filter and display them in Figures 3 and 4 . 7 The graphs illustrate both the reversal of the momentum exposure and the deterioration in risk-adjusted returns of the two stock indices. While the market beta and the sensitivity to the value factor HML remain largely constant over time, the exposure to the size factor SMB tends to decrease somewhat 7 Recursive and rolling window regressions yield similar results for the time-varying coefficients of the Carhart (1997) four-factor model.
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until the middle of the second subperiod. This decline might be due to the increased market capitalization of German renewable energy stocks after the sharp rise in stock prices in the first subperiod.
[ Figures 3 and 4 about here]
Sup ADF test
The multi-factor performance analysis reveals a remarkable outperformance of German As a robustness check, we repeat the sup ADF procedure based on rolling regressions.
Hence, we do no longer extend the initial subsample by one observation at each pass, but hold the length of the regression window constant and roll it through the entire sample. Table III and are qualitatively similar to those reported for the recursive approach.
Finally, we also run the generalized sup ADF test, as proposed by Phillips et al. (2012) .
While the forward recursive approach fixes the starting points of the subsamples on the first observation of the total sample, the generalized sup ADF procedure extends the subsample sequence by changing both the starting points and the end points of the subsamples over a feasible range of flexible windows. This modified test procedure may benefit from its higher power compared to the conventional sup ADF test, once multiple collapsing bubble episodes are present. As indicated by the third row in Panels A and B of Table III, the generalized sup ADF test corroborates our overall findings.
Markov regime-switching ADF test
Finally, we turn to our second bubble detection approach, namely the Markov regimeswitching ADF test. Phillips et al. (2012) point out that Markov regime-switching models are not always able to distinguish periods that exhibit genuine explosive price behavior from periods of spurious explosiveness caused by a high regime-dependent error variance.
As a result, they may erroneously identify different regimes, even though there are no structural breaks in the data. To test for the stability of the ADF coefficient over time, we first apply the Quandt-Andrews unknown breakpoint test to the real price data of the two renewable energy stock indices. Results are reported in Table IV and show that all test statistics are highly statistically significant for both daily and weekly data, indicating the presence of at least one structural break in the ADF coefficient. This finding is not surprising given the evidence for the sup ADF test in the previous subsection.
[ Table IV about here]
The presence of structural breaks allows us to run the Markov regime-switching ADF test as described in Section 3.3. Table V presents the results for the real price data of the two renewable energy stock indices. Irrespective of the data frequency, some characteristics appear to be robust for both stock indices. First, regime 0, which turns out to be the unit root regime, is in all cases more volatile and slightly less persistent than the explosive regime 1 (i.e., 0 > 1 , 00 < 11 ). Second and most important, the ADF coefficient in regime 1 is always significantly greater than zero, indicating explosive price behavior. By contrast, the ADF coefficient in regime 0 is not significantly smaller than zero and thus suggests a unit root process.
[ Table V about 
Summary and Conclusions
The rapidly growing renewable energy sector has attracted the attention of numerous stock market investors over the last decade. To arrive at a fair valuation of renewable energy stocks, it is of utmost importance to have a good understanding of the associated risk and return properties, which substantially deviate from those of conventional large-cap stocks.
The goal of this paper was therefore to analyze the common risk factors that drove the performance of German renewable energy stocks over the period from 2004 to 2011. We focus on Germany as this country provides an interesting setting for two reasons. Both the accelerated nuclear phase-out by 2022 and the ongoing efforts to encourage the transition to a sustainable energy system make German alternative energy stocks appear lucrative at first glance. However, increasing global competition and the current overcapacity in the solar sector weigh heavily on the profitability of the renewable energy industry.
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Our empirical results for the two German stock indices ÖkoDAX and DAXsubsector
Renewable Energies mirror the ambiguity concerning the industry's future economic outlook. We find that German renewable energy stocks earned considerable risk-adjusted returns during the first subperiod between 2004 and 2007. They also loaded positively on the price momentum factor, indicating that they belonged to the group of winner stocks.
The strong outperformance, however, completely reversed during the 2008 to 2011 period, when renewable energy stocks delivered significantly negative Carhart alphas and showed a negative loading on price momentum. Moreover, German renewable energy stocks exhibited substantial systematic risk, given their market beta of nearly two and a strongly positive sensitivity to the size factor, which has delivered negative returns in recent years.
Altogether, the recent risk and return characteristics suggest that investors should be cautious when holding German alternative energy stocks in their portfolios, as these could prove detrimental to their overall performance.
It is interesting to note that German renewable energy stocks have turned into loser stocks after being perceived as fad stocks during the mid-2000s. In fact, we find that the outperformance for the years until 2008 was driven by explosive price behavior. Two powerful variants of the ADF test detect the presence of speculative bubbles in German renewable energy stocks before the global financial and European sovereign debt crises erupted in the late 2000s. This evidence for the existence of a price bubble also attests to the notion that positive investor sentiment for certain stock market sectors can easily trigger sharp upward deviations from fundamental value, similar to those observed in the period of irrational exuberance during the dotcom era of the late 1990s. However, we do not examine in detail the potential sources of the identified explosive price behavior, which could have resulted from the presence of a rational bubble, investors' herding behavior, changing economic fundamentals or time-variation in the discount rate used in present value models.
The explosive price behavior could also be attributed to a concept known as the "peso problem". Investors might have perceived a small probability of an event -such as a further increase in government support or seminal advances in technology -that would have exerted a positive effect on the future profitability of renewable energy stocks. Apparently, the stocks fell short of these high expectations market participants once placed upon them, leading to a reassessment of their artificially inflated prices.
We suggest several avenues for future research. First, it would be interesting to see if U.S. and Chinese alternative energy stocks exhibit a somewhat different price pattern, as they might be more capable of withstanding the fierce competition. Besides, their governments might follow a slightly different approach to supporting the deployment of clean energy technologies and to ensuring the domestic sector's global competitiveness.
Second, this paper focuses solely on the German renewable energy sector as a whole.
However, the bubble and return behavior might vary across subsectors, such as solar, wind or biomass. It is also worthwhile to take a closer look at the impact which the various government-funded support schemes have had on the emergence of alternative energy stock price bubbles and their subsequent bursts. (1) for the full sample period from January 2004 to December 2011 and for two subperiods of equal length. MER denotes the monthly mean excess return of the respective renewable energy stock index over the one-month interbank rate. SER represents the monthly systematic excess return, which is the return component explained by the four benchmark factors, while 4 is the risk-adjusted return component. The monthly index excess returns are regressed on the market excess return (Market) as well as factor-mimicking portfolios for size (SMB), value (HML) and one-year price momentum (PR1YR). Heteroskedasticity and autocorrelation consistent standard errors (Newey and West, 1987) are used to compute the t-statistics reported in parentheses. * , ** and *** denote statistical significance at the 10%, 5% and 1% level, respectively. 
